Abstract : Data for human sleep study may be affected by internal and external influences. The recorded sleep data contains complex and stochastic factors, which increase the difficulties for the computerized sleep stage determination techniques to be applied for clinical practice. The aim of this study is to develop an automatic sleep stage determination system which is optimized for variable sleep data. The main methodology includes two modules: expert knowledge database construction and automatic sleep stage determination. Visual inspection by a qualified clinician is utilized to obtain the probability density function of parameters during the learning process of expert knowledge database construction. Parameter selection is introduced in order to make the algorithm flexible. Automatic sleep stage determination is manipulated based on conditional probability. The result showed close agreement comparing with the visual inspection by clinician. The developed system can meet the customized requirements in hospitals and institutions.
Introduction
With the development of modern electrical measurement and recording techniques, the dynamic behavior in sleep can be observed. There are two sleep states: rapid eye movement (REM) sleep and non rapid eye movement (NREM) sleep. The NREM sleep consists of stage 1 (S1), stage 2 (S2), stage 3 (S3) and stage 4 (S4). Another stage of awake is often included, during which a person falls asleep. For normal and healthy persons, those types of sleep stages corresponding to certain frequency bands and amplitudes follow a fairly well-behaved cyclic pattern throughout the night. Sleep stage scoring is an important task for inspecting neurophysiological diseases of subjects. The most well-known criteria for sleep stage scoring was published by Rechtschaffen and Kales in 1968 [1] . Currently, sleep stage scoring has been widely used for evaluating the condition of sleep and diagnosing the sleep related disorders in hospitals and institutions.
Automatic sleep stage determination can free the clinicians from the heavy task of visual inspection on sleep stages. Rulebased waveform detection method, according to Rechtschaffen and Kales criteria, has been frequently utilized in many studies. The automatic waveform detection method was firstly applied for human sleep analyzing in [2] , [3] . A computerized sleep stager designed as close as possible to Rechtschaffen and Kales criteria was developed in [4] . Hybrid rule-based and case-based reasoning for automated sleep stage scoring was proposed in [5] . An expert system based on characteristic waveforms and background EEG activity by using a decision tree was described in [6] . The limitations of Rechtschaffen and Kales criteria have been noticed [7] . The insufficiency is that it only includes typical characteristic waveforms of healthy and normal persons for staging. Besides, EOG (electrooculogram) signal was investigated to process stage determination in [8] . A changeable transition probability of sleep stages based on body movement was developed to interpret the human sleep in [9] .
Although various methodologies have been developed, effective technique is still needed for clinical application. Sleep data adopts long-term recording. It is inevitably being affected by various artifacts [10] . Individual differences are also commonly existed, even under the same recording condition. For the patients with sleep-related disorders, their sleep data has particular characteristics. Therefore, the recorded sleep data containing complex and stochastic factors will increase the difficulties for the computerized sleep stage determination techniques to be applied for clinical practice.
In this study, sleep stage determination is considered as a multi-valued decision making problem in the field of clinics. The main methodology, proposed in our previous study, has been proved to be successful for sleep stage determination [11] , [12] . The aim of this study is to develop a flexible technique adapting to different cases of sleep data, which can meet the customized requirements in hospitals and institutions. The method includes two modules: expert knowledge database construction and automatic sleep stage determination. Visual inspection by a qualified clinician is utilized to obtain the probability density function of parameters during the learning process of expert knowledge database construction. A process of parameter selection is introduced in order to make our algorithm flexible. Automatic sleep stage determination is manipulated based on conditional probability. 
Methods

Data Acquisition
The sleep data investigated in this study was recorded in the Department of Clinical Physiology, Toranomon Hospital, at Tokyo, Japan. Four subjects, aged 49-61 years old, were participated. These patients had breathing disorder during sleep (Sleep Apnea Syndrome). Their overnight sleeping data were recorded after the treatment of Continuous Positive Airway Pressure (CPAP) based on the polysomnographic (PSG) measurement. The PSG measurement used in Toranomon Hospital included four EEG (electroencephalogram) recordings, two EOG recordings and one EMG (electromyogram) recording. EEGs were recorded on central lobes and occipital lobes with reference to opposite earlobe electrode (C3/A2, C4/A1, O1/A2 and O2/A1) according to the International 10-20 System [13] . EOGs were derived on Left Outer Canthus and Right Outer Canthus with reference to earlobe electrode A1 (LOC/A1 and ROC/A1). EMG was obtained from muscle areas on and beneath chin and termed as chin-EMG. Initially, EEGs and EOGs were recorded under a sampling rate of 100 Hz, with a high frequency cutoff of 35 Hz and a time constant of 0.3s. Chin-EMG was recorded under a sampling rate of 200 Hz, with a high frequency cutoff of 70 Hz and a low frequency cutoff of 10 Hz.
Visual Inspection
A qualified clinician F.K. in Toranomon hospital scored sleep stages on the overnight sleep recordings. The clinician made the visual inspection based on the Rechtschaffen and Kales criteria and clinical experience through an epoch-by-epoch approach. The overnight sleep recordings were divided into consecutive 30s epochs. Each epoch was assigned to a single sleep stage. In the case of multiple stages presented in a certain epoch, the stage taking major portion of the epoch was scored.
In total, seven types of stages were inspected. In the stage of the awake, predominant rhythmic alpha activity (8-13 Hz) can be observed in EEGs (O1/A2, O2/A1) when the subject is relaxed with the eyes closed. This rhythmic EEG pattern significantly attenuates with attention level, as well as when the eyes are open. The awaking EOG consists of rapid eye movements and eye blinks when the eyes are open, while few or no eye movements when the eyes closed. The clinician determined the awake with eyes open (O(W)) or awake with eyes closed (C(W)) according to the alpha activity (8-13 Hz) in O1/A2 and O2/A1 channels as well as the existence of eye movements in EOG channels. In sleep itself, the clinician made the visual inspection on REM sleep and NREM sleep. The REM sleep was scored by the episodic REMs and low voltage EMG. The NREM sleep was categorized into S1, S2, S3 and S4. S1 was scored with low voltage slow wave activity of 2-7 Hz. S2 was scored by the existence of sleep spindle or K-complex. Usually, S3 is defined when 20% to 50% of slow wave activity (0.5-2 Hz) presented in an epoch, whereas more than 50% for S4 according to Rechtschaffen and Kales criteria. For elder persons, S3 and S4 of deep sleep may not be obviously determined. The clinician inspected S3 and S4 based on a relatively different presence of slow wave activity (0.5-2 Hz) within an epoch.
Multi-Valued Decision Making
The block diagram of multi-valued decision making method is illustrated in Fig. 1 . It consists of two modules. Module I is a learning process of expert knowledge database construction. Visual inspection is adopted. Module II shows the algorithm of automatic sleep stage determination iterating through the consecutive segments.
Expert knowledge database construction
• Parameter calculation The overnight sleep recording from subjects were divided into consecutive 30s epochs for training purpose. Each epoch was subdivided into 5s segments. A set of characteristic parameters, extracted from the periodogram of EEGs, EOGs and EMG, were calculated for each segment. In order to obtain the parameter values, the periodogram was derived by taking 512-point FFT (Fast Fourier Transform) with Hanning window for EEGs and EOGs, whereas 1024-point FFT with Hanning window for EMG. The frequency resolution for all the channels was 0.2 Hz. There are three types of parameters: ratio, amplitude and amount. The description of each parameter is given in Table 1 . Totally, 20 parameters were calculated. Ratios in- Table 1 . The parameters of consisting segments were taken average to derive the parameter value of one epoch.
•
where a is the location and b is the scale of Cauchy distribution. The value of a is determined by media and b is determined by quartile [14] , [15] .
• Parameter selection The distance of the pd f s between stage i and stage j was calculated by
The larger distance indicates smaller overlap between the pd f s. It is measured by
When the distance is larger than three times of the deviations of the probability density functions of both stages, the parameter is selected.
• Transitional probability matrix In addition, a transitional probability matrix of sleep stage change was calculated. The consisting segments of one epoch were considered having the same scoring result. The transitional probability between sleep stages was obtained. It designated the probabilities of stage change between two conjoint segments.
Automatic sleep stage determination
• Parameter calculation The overnight sleep recording for determination was divided into the same length of epochs and segments as the training data. The values of selected parameters were calculated for each segment.
• Conditional probability Initially, predicted probability of first segment P 1|0 for various sleep stages shared the probability equally with a value of 1/n. n is the number of the types of sleep stages.
The joint probability of the parameters for current segment k was calculated by
where y k = {y Conditional probability of segment k was calculated based on the Bayesian rule,
where P k|k−1 (ζ i ) is the predicted probability of current segment.
• Decision making
The sleep stage ζ * was determined by choosing the maximum value among the conditional probabilities corresponding to various sleep stages as
• Predicted probability The predicted probability P k+1|k (ζ i ) of next segment k +1 was given by
where t i j denotes the probability of transition from stage i to stage j.
Results
Probability Density Function
The overnight sleep recordings of two subjects were utilized as the training data for expert knowledge database construction. The pd f s of the selected parameters are illustrated in Fig. 2 , where the horizontal axis indicates the types of stages, the vertical axis is the value of parameters, "•" denotes the location of Cauchy distribution, and "•" denotes the scale of Cauchy distribution. Totally, 8 parameters were selected. In the ratio of ω1 (0.5-2 Hz) in EEGs, S3 and S4 of deep sleep had lager location values separated from other stages. S3 and S4 were slightly separated from each other among the training subjects of elder persons. The amplitude of ω2 (2-7 Hz) in EEGs, REM and light sleep (S1, S2) showed relatively large location values comparing with others. The ratio of ω3 (8-13 Hz) in EEGs can be the evidence for C(W). EEGs (O1/A2, O2/A1) showed predominant rhythmic alpha activity when the subjects were falling to sleep with the eyes closed. The amplitude of ω4 (25-35 Hz) in EEGs indicated that stage awake of O(W) and C(W) were separated from other stages. The amount of ω5 (2-10 Hz) in EOGs, S2 showed larger location value comparing with other stages. In the amount of ω6 (25-100 Hz) in EMG, REM had the smaller location value comparing with other sleep stages. In stage REM, EMG voltage was in the lowest level. The combination of those selected parameters was utilized for manipulating the automatic sleep stage determination.
Sleep Stage Determination
The overnight sleep recordings of another two subjects were analyzed, which were different from the training data. The calculation process for one epoch is illustrated in Fig. 3 , where the line names are sleep stages and the column names are conditional probability and predicted probability for each 5s segment. The underline denotes the maximum value of conditional probability. The decision making result is given for each segment. The automatic sleep stage determination for current epoch is showed. In Fig. 3 , the forepart of sleep recording showed REMs in EOGs. In the latter part of sleep recording, EEGs showed high amplitude. The level of EMG was rather low. According to the conditional probabilities with underline, the first two segments were determined by REM. The middles were S1 and the latter parts were O(W). In this case, the stage result of previous epoch was referred. The last two segments in previous epoch were REM. Then, REM was determined as the result for this epoch. The transition from REM to awake can be estimated. Through the visual inspection, awake occurred after this epoch.
The result of automatic sleep stage determination was evaluated comparing with the visual inspection. The recognition of sleep stage was appreciably satisfied. The average accuracy of two test subjects showed that stage awake was 85.8%, stage REM was 76.2%, light sleep (S1 and S2) was 80.6% and deep sleep (S3 and S4) was 95.7%.
Discussion
Expert Knowledge Database
Rule-based method can be found in many studies of computerized sleep stage scoring. Those algorithms had been designed based on the staging criteria published by Rechtschaffen and Kales. The Rechtschaffen and Kales criteria provide rules for sleep stage scoring with typical and normal waveforms of healthy persons. Additionally the conventional rule-based methods did not consider the artifacts and surrounding circumstance in clinical practice. However, sleep data is inevitably affected by internal and external influences. The influences are complex and variable. Using Rechtschaffen and Kales criteria only, those rule-based methods may be successful for the sleep data under ideal recording condition of healthy persons, but not for the sleep data under usual recording condition of patients at hospitals.
Unlike the rule-based method, our method is expert knowledge-based. The visual inspection by a qualified clinician takes an important role during the learning process of expert knowledge database construction. The clinician made visual inspection not only referring to Rechtschaffen and Kales criteria, but also considering the artifacts and surrounding circumstance in clinical practice. We considered that the visual inspection has covered both Rechtschaffen and Kales criteria and clinical experiences. The visual inspection by a qualified clinician, thus, can be reliable to construct the knowledge database of probability density functions of parameters and manipulate the automatic sleep stage determination.
Parameter selection was one component included in our learning process of expert knowledge database construction. The principle of parameter selection is to decrease the positive error and negative error of sleep stage determination. In our study, one parameter is not expected to distinguish all the sleep stages from each other. The pd f s of some stages may be overlapped. If the pd f of the stage is separated from others, this parameter can be selected. The next parameter would be selected if it can distinguish the stages in the overlapped part of previous parameters. A distance of three times of the deviation, which covers major area of the pd f , is adopted for measurement. The combination of the selected parameters is optimized for manipulating the automatic sleep stage determination algorithm.
Automatic Sleep Stage Determination
We determined sleep stage according to the conditional probability. A joint probability of all the selected parameters is calculated and utilized to obtain the value of conditional proba- bility corresponding to each sleep stage. The conditional probability indicates the possibility of the occurrence of the stage under current parameters values. For current segment of sleep data, the maximum value of condition probability was searched and the related stage was determined from O(W), C(W), REM, S1, S2, S3 and S4 by one step. The decision of sleep stage was made for every 5s segment of the continuous sleep recording. The stage, which occupied major portion of the consisting segments in a 30s epoch, was chosen. Previous epoch would be referred when it was difficult to judge. Our automatic sleep stage determination algorithm mimicked the humanized visual inspection work by clinician. In another hand, our algorithm was sensitive to the sleep stage change between the consecutive 5s segments. The sleep stage transition can be estimated.
Clinical Significance
The aim of our study is to develop flexible methodology of sleep stage determination which can adapt to the customized requirements in hospitals and institutions. Therefore, sleep data from clinics is worth for investigation and analysis. In this study, the patients were from Toranomon hospital. Toranomon hospital is named for the diagnosing and treatment of Sleep Apnea Syndrome. A qualified clinician F.K. from Toranomon hospital made visual inspection on sleep stages. According to the visual inspection, expert knowledge database was constructed. The result of automatic sleep stage determination showed close agreement comparing with the visual inspection. Our system can satisfy the sleep stage scoring requirement in Toranomon hospital. In addition, our method is flexible to learn from any clinicians. Accordingly, the developed automatic sleep stage determination system can be optimized to meet the requirements in different hospitals and institutions.
The sleep data of 2 subjects are utilized for training. During the learning process of expert knowledge database construction, visual inspection by clinician is required. It is not convenient always learning from large amount of data, which will bring heavy burden to clinician. Therefore, we practice on few data for training. The sleep recording data of 7 subjects which were different from training data have been tested. All subjects were patients with Sleep Apnea Syndrome in Toranomon hospital. Their sleep data were recorded after the treatment of CPAP. 2 of them were inspected by clinician. The results of those 2 subjects were evaluated and analyzed. The results of other subjects were also satisfactory. Increasing the test data amount with various kinds of patients will be followed in future works.
Conclusion
An expert knowledge-based method for sleep stage determination was presented. The process of parameter selection enhanced the flexibility of the algorithm. The developed automatic sleep stage determination system can be optimized for clinical practice.
